Since the pioneer work of Horn, a considerable amount of computer vision research has been done on shape from shading (SFS). The basic idea of SFS is to infer the shape of an object from its shading information in a single image. Since this problem is ill-posed, a number of assumptions have been used extensively in the computer vision community for the SFS problem, such as orthographic projection, Lambertian reflectance model, single light source, and constant surface albedo. In this paper, starting with this typical set of assumptions, we derive new image intrinsic values based on image shading information. We derive these values for a number of reflectance models such as the linear and quadratic models in addition to the popular Lambertian model. We validated the obtained intrinsic values on hundreds of real and synthetic images.
INTRODUCTION
Shading plays an important role in human perception of surface shapes. Researchers in human vision have attempted to understand and simulate the mechanisms by which our eyes and brains actually use the shading information to recover the 3D shape. Since the pioneer work of Horn [1] , a considerable amount of computer vision research has been done on shape from shading (SFS). The basic idea of SFS is to infer the shape (depth map) of a surface from the brightness variations in a gray level image of that surface. The book [2] contains a very nice panorama of the research on SFS up to 1989. For more recent survey, the reader is referred to [3, 4] .
Since this problem is ill-posed, a number of simplifying assumptions have been used extensively in the computer vision community for the SFS problem [5, 6, 7, 8, 9, 10, 11] , such as orthographic projection, Lambertian reflectance model, distant single point light source, and constant surface albedo. However a few algorithms have been recently proposed to relax some of these assumptions, e.g., the orthographic projection [12, 13] .
In this paper, starting with this typical set of assumptions, we derive new image intrinsic values based on image shading information. These values are function of second order measures of the image intensity. We derive these values for a number of reflectance models such as the linear and quadratic models in addition to the popular Lambertian model.
To the best of our knowledge, no work on this has been reported before in literature. The closest work to the research effort in this paper is the work by Pentland [5] , Zheng and Chellappa [11] , and Lee and Rosenfeld [7] . All these works used some local shading measures to estimate the light source direction as a prerequisite step needed for subsequent SFS recovery algorithms. However, in this work, we go further with shading analysis to explore any other information that shading might have on images. The result of this is a number of values derived from shading that are intrinsic to images.
We tested the obtained intrinsic values on hundreds of real and synthetic images, including images that are often used for SFS evaluation as well as images that are considered "not appropriate" for the SFS problem.
The rest of the paper is organized as follows. Section 2 derives the intrinsic values from image shading information under a set of typical SFS assumptions. Sections 3 describes some experiments to validate these intrinsic values, followed by our conclusions and future work in Section 4.
INTRINSIC VALUES
The SFS problem aims to find a surface z(x, y) satisfying the image radiance equation
where I(x, y) is the image intensity at position (x, y) and R is the reflectance map function, with p = ∂z ∂x and 0-7803-9134-9/05/$20.00 ©2005 IEEE q = ∂z ∂y being the partial derivatives of height z with respect to image coordinates. In this work, we focus on the Lambertian model of image formation. Assuming orthographic projection with the z axis parallel to the optical axis of the camera and the positive z direction pointing to the camera, the Lambertian model is written as
where η is the albedo.
− → L is the unit vector for the illuminant direction, which can be parameterized such that − → L = (cos τ sin γ, sin τ sin γ, cos γ), where τ is the tilt angle and γ is the slant angle. Let also the surface normal be − → N = (cos α sin β, sin α sin β, cos β), where α = α(x, y) and β = β(x, y) are the tilt and slant angles, respectively, of the surface normal. Using these representations, (2) becomes
Assume that at any point (x 0 , y 0 , z(x 0 , y 0 )) the surface can be approximated by a spherical patch:
where the sphere center (a(x 0 , y 0 ), b(x 0 , y 0 ), c(x 0 , y 0 )) and radius r(x 0 , y 0 ) depend on the local surface shape. After some computations using (2), (3) and (4), the image derivatives at a point (x, y) can be shown equal to
,
From these derived quantities, the following ratios at any image point (x, y) can be computed:
Note that each value is normalized by the image Laplacian ∇ 2 I. Several remarks can made/proved on the ratios in (6):
• They depend only on the tilt and slant angles of the surface normal at the point.
• The illuminant direction does not affect these ratios.
• They are independent of the radius and center of the spherical approximation in the neighborhood of the point. This minimizes any error in this local spherical approximation assumption.
• More importantly, the dependency on the surface albedo is eliminated. Thus it does not matter whether the albedo is uniform or varying throughout the surface points.
• The ratios are invariant to linear transformation of the image intensity values.
• V 1 + V 2 = 1 for any point.
• They use second order derivatives of image intensity, on one hand because higher derivatives are more susceptible to noise; and on the other hand because the human vision is not sensitive to higher derivatives than the second [5, 14] .
One can obtain average estimates of these ratios through the whole image provided that the statistical distributions of α and β are known. Such distributions were derived in [11, 7] to solve for the illuminant direction.
Here we assume the same distributions in order to estimate average values for the rations in (6) . Note that this represents an additional assumption [11, 7] to the previously-mentioned ones on the SFS problem. The assumed-independent distributions f α and f β of α and β, respectively, are taken [11] 
Using (7), one can evaluate the average values for V 1 , V 2 and V 3 :
Similarly,
These averages can be regarded as intrinsic values for surfaces imaged following a Lambertian reflectance and the usual SFS assumptions, as typically used by the different researchers.
Similar intrinsic values can be derived in a similar way for other reflectance models. For example, under a quadratic model R(p, q) = p 2 + q 2 , the exact results in (9) are obtained for V 1 , V 2 and V 3 . Moreover, for a linear reflectance model in the form R(p, q) = a p + b q + c, it can be shown that
EXPERIMENTAL RESULTS
We tested the obtained intrinsic values on two hundreds of real and synthetic images 1 , see some sample images in Fig. 1 , including images that are often used for SFS evaluation (thus called proper set) as well as images that are considered "not appropriate" for the SFS problem (thus called improper set) as they do not satisfy many of the assumptions put forth during the SFS problem formulation. For each image, the image derivatives needed for (6) are computed at each point after filtering the image with a Gaussian mask to smooth out noise. Then the arithmetic means of Tables 1 and 2 . Clearly, the histograms and tabulated results show that the computed values are nearly as expected: V 1 0.5, V 2 0.5 and V 3 0. However, improper set showed, expectedly, larger variations in these values compared to the proper set, as evident from the standard deviations. This is because many of the assumptions used to obtain these values are not satisfied. 
CONCLUSIONS
In this paper, starting with typical set of SFS assumptions, such as orthographic projection, Lambertian reflectance model, and single light source, we derived new image intrinsic values based on image shading information. These values are function of second order measures of the image intensity. We also showed these val- ues for a number of reflectance models such as the linear and quadratic models. We highlighted some properties of these values, such as invariance to linear transformation of image intensities and to albedo changes across the image. We validated the obtained intrinsic values on hundreds of real and synthetic images, including images that are often used for SFS evaluation as well as images that are considered "not appropriate" for the SFS problem, where existing SFS recovery algorithms often fail. The values computed from images showed very close results to the theoretically-derived values. Values computed from the SFS improper set, expectedly, yielded larger deviations off the theoretical values.
Our current research direction is directed to doing more validation and analysis of our results and to making use of the intrinsic values. For example, since the set of assumptions employed by the researchers to simplify the SFS algorithms rarely hold in real images, one can investigate the use of the proposed intrinsic image values in order to rectify the input images to improve the accuracy of the recovered object shapes by the existing SFS algorithms. This can be done by finding a non-linear transformation that maps the input image to a new image that better satisfies the assumptions typically needed by SFS algorithms.
